ABSTRACT With the increasing integration of large-scale wind farms, the stochastic characteristics of wind speed and the coupling relationship of geographically distributed wind farms become ineligible. Correlation investigation of wind farms based on copula theory is able to lay good foundation for further optimization and schedule in power systems. In this paper, three data types, including wind speed, calculated wind power, and actual wind power, are applied to explore the correlation of two geographically close wind farms. After graphical analysis and comparison of the time series, the structural and compositional characteristics of correlation by different data types are investigated based on mixed copula. Moreover, a two-stage filtration method is proposed to evaluate different types of copulas. Finally, taking into account the practical conditions after careful examination of actual wind power dataset, the practical conditions are applied to the calculated wind power dataset. Correlation research based on the adjusted calculated wind power dataset is further explored and revealed that it is more practical and prospective to provide reference for further power system operation with high penetration of wind farms.
I. INTRODUCTION
As one of the most important form of clean energy generation, wind power generation grows rapidly in the total installed capacity all around the world in recent years and has become a considerable industry. However, due to the intermittency and stochastic characteristics of wind itself, it is difficult for wind energy to be used as well as traditional energy [1] . At the same time, with the gradual integration of large-scale wind farms into power grid, research on power output correlation between geographically distributed wind farms become more important and has gradually attracted the attention of many scholars [2] - [4] .
The study on correlation of wind power output is necessary and useful for power forecast, operation and dispatch [5] - [8] .
In the research field of wind power correlation, the copula function has caused extensive research because the marginal distribution of each wind farm can be separated from copula correlation, and the rank correlation index and tail correlation index of copula can better describe the nonlinearity, asymmetry, upper and lower tail relationship between wind farms. Based on copula function, research in [9] drawn a conclusion that as the distance increases, the spatial correlation of wind power output between wind farms decreases gradually, and then, [10] reached a further conclusion about spatio-temporal correlations of clustered wind power. Correlation structure models of wind farms established through copula theory is able to be used in probabilistic load flow analysis [11] , optimal power flow [7] , and power system uncertainty analysis [12] , [13] , and finally contribute on dispatch and optimization of power systems.
In order to obtain the comprehensive correlation structure of wind farms, selection and evaluation of copula model is important. Most of the literature used single copula function from Elliptic copula family or Archimedean copula family [14] , [15] , pair-copula [16] and vine copula [17] , [18] are also involved in describing the correlation structure among wind farms. However, the characteristics of asymmetry and tail correlation cannot always be described by these copulas satisfactorily. Mixed copula [19] is a kind of copula function that consists of several different types of copula, it is prospectively able to obtain good characteristics of copula functions since it includes and describes information more comprehensive and accurate. However, researches based on mixed copula is still far from extensive.
In terms of datasets, the correlations of geographically distributed wind farms are usually estimated based on the dataset of wind speed [20] , [21] or actual wind power [22] , [23] . At the same time, copula-based wind farm correlation analysis using wind speed can be further divided into two application methods [24] : a) Establish copula model using wind speed data directly, and then analyze wind power output based on the obtained copula correlation structure, b) Convert wind speed data to wind power data through the relationship of wind speed and wind power at first, and then establish copula model according to these calculated wind power data. Using wind speed or wind power data in copulabased correlation analysis of wind farms may lead to different results. It is meaningful to analyze and compare wind farm correlation based on different data types, however, few work has been conducted. This paper investigates on the correlation analysis of wind farms using wind speed, calculated wind power, and actual wind power, respectively. The organization of this article is as follows. In Section II, the relationship and difference among the three datasets of wind farms is explored. In Section III, basic theory of copula function is introduced, and the mixed copula model is employed, moreover, a two-stage filtration method is proposed to evaluate copulas. Then, in the case study in Section IV, mixed copula models are established based on the three types of dataset mentioned above, respectively. Finally, in order to make good use of correlation in practice, the practical conditions from the analysis in actual dataset are investigated and applied to the calculated wind power dataset, and then a satisfactory correlation is obtained to verge to the actual condition. Section V concludes the findings.
II. FEATURE ANALYSIS OF DIFFERENT DATASETS A. DESCRIPTION OF DATASETS
Wind speed and actual wind power can be obtained from the record collected from wind farms directly, and calculated wind power can be calculated from wind speed. The basic characteristic and relationship of these 3 data types are firstly analyzed in this section.
1) WIND SPEED DATASET
Wind speed data is the most intuitive standard for evaluating wind resources in a region, and also is one of the decisive factors in evaluating the allocation of wind farms.
For practical wind farms, it is necessary to use historical measured wind speed data as a reference to forecast the wind speed of the wind farm and then forecast wind power generation, and further be used to determine the operation plan of the wind farm with the grid conditions.
For the wind farms in the preparatory phase of construction, it is necessary to consider the security risks and economic burden that may imposed on the power system after connecting to power grid. since the actual wind power are not available in this situation, wind speed data collected from the bureau of meteorology can be used to evaluate wind power output.
2) CALCULATED WIND POWER DATASET
Whether it is a practical wind farm or a wind farm under the construction or preparatory stage, the ultimate purpose of collecting wind speed data is to predict the output of wind farm. The typical relationship between wind speed and wind power output is calculated as follows:
where v ci , v r and v co are the cut-in, the rated, and the cutout wind speed, respectively; P WTG,r is the rated active power output for a single wind turbine.
In a wind farm, the wind turbines are equipped in different places with different wind speed, angle, topography and geomorphology, the wind power output of wind farm is not simply the multiplication of the single output and the number of units. In addition, the outage and maintenance of wind turbine cannot be ignored. As a result, it is difficult to make calculated wind power verge to actual wind power.
In this paper, first of all, the whole wind farm is treated as an entity, and the outline characteristics of practical wind power output is employed to adjust the parameters in (1) to minimize the error [25] , as shown in Fig.1 . Moreover, practical conditions are investigated and more details are considered for calculated wind power dataset in part C of Section IV. 
3) ACTUAL WIND POWER DATASET
In practical operation, the wind power output is obtained by recording the historical transmission power in the point of common coupling (PCC) of wind farm.
In practice, in order to extract maximum power and optimize the performance, some control strategy is studied to VOLUME 6, 2018 track maximum power points of the wind turbine and improve the power coefficient [26] - [28] . However, although wind power has the priority of dispatch, due to the randomness, intermittency and anti-peaking aspect of wind speed, wind curtailment is an inevitable and necessary solution to satisfy power balance, and this become the main cause of the difference between actual power output and calculated power output [25] . So, comparatively, actual wind power reflects the practical relationship, while calculated wind power of wind farms represents the ideal situation.
As a result, the three dataset might reveal different trends whilst they still have strong relationship.
B. RELATIONSHIP OF THREE TYPES OF DATASET
For two geographically distributed wind farms, the basic relationship between the three types of dataset can be found in Fig.2 graphically, it shows a typical time series of 72-hour segment diagram of wind speed, calculated wind power, and actual wind power. It is obvious that: a) The trend of wind speed and calculated wind power datasets are consistent. However, when wind speed is lower than the cut-in value or higher than the cutout value (the wind power output is 0 in these conditions), or the wind speed is higher than the rated value but smaller than the cut-out value (the wind power output is rated wind power in this condition), the fluctuation of wind speed can no longer influence the output power, therefore, there is still a certain difference between the wind speed curve and the calculated active power curve. b) Due to the effect of wind curtailment or maintenance, the actual wind power of wind farm is less than the forecasted in most cases. c) There is also a noteworthy phenomenon that besides the situation that both wind farms are in operation, at some time, one of the wind farm is out of service while the other one is in service. It can be found that there is consistency in the trend of wind speed, calculated wind power, and actual wind power. However, because of the non-linear relationship between wind speed and calculated power and the existence of wind curtailment, using different types of dataset in copula-based wind farm correlation analysis will lead to different conclusions. Further comparison and investigation on the difference of the copula models can bring helpful information to power system dispatch, operation and control.
C. CORRELATION DESCRIPTION BASED ON DIFFERENT DATASETS
The primary linear correlation between wind farms can be observed by scatter plot. The more scattered points concentrated on the diagonal of the graph, the stronger linear correlation exist between the dataset, respectively.
Although wind speed is the fundamental driver of total wind farm output, due to the nonlinear relationship from (1), the correlation using wind speed reveals different when compared with the correlation using calculated wind power.
In addition, there is a difference in output power between the actual value and the calculated value which is mainly caused by deliberate wind curtailment for either wind farm, this lead to different correlations of the two wind farms based on these two types of datasets. Fig.3 is the scatter diagram of wind speed, calculated wind power and actual power from two geographically distributed wind farms. The wind speed of the two wind farms depicted in Fig.3 (a) is basically distributed along the diagonal line, which represents strong linear correlation, and the stronger the wind speed is, the stronger linear correlation is. (1), the correlation changes, especially in the upper right corner of the figure that there are a large number of data points concentrated around the rated power. Fig.3 (c) shows the relationship based on actual wind power dataset that is collected from the same wind farms with the same time mark in Fig.3(b) . Comparatively, there are no data points near the rated power, while a large number of points are distributed along the left and bottom edge of the figure, respectively. This shows abundant evidence that both of the wind farms have great curtailment and cannot operate at full capacity.
Although the linear correlation of the data points in Fig.3(b) and Fig.3(c) is not as obvious as wind speed data, there is still a certain correlation of the wind power. To further investigate the non-linear correlation of wind farms by the three dataset, copula is involved in the next section.
III. THE THEORY OF COPULA FUNCTION A. COPULA FUNCTION
Based on intuitive analysis and comparison from Section II, in this paper, copula theory is employed to provide a more accurate correlation description to help capture correlation features based on different datasets and better understand whether the probability of a joint wind farm output scenario is underestimated or overestimated.
The greatest advantage of the copula function theory is that it can separate the joint distribution of multivariable into univariate edge distributions and a connection function that connect these edge distributions. The connection function mentioned here is the copula function. It describes the dependence structure between variables that is separated from the univariate distribution rules.
Sklar's theorem [29] states that every multivariate cumulative distribution function F (x 1 , x 2 , · · · , x N ) can be expressed in terms of its marginal cumulative distribution function
and a copula function C that satisfies [30] :
Only when
are continuous functions, copula function C is uniquely determined, where
B. MEASURES OF COPULA FUNCTIONS
According to Nelson's theorem [30] , when the random variables x 1 , x 2 , · · · , x N are strictly monotonously changed, the corresponding copula function remains unchanged, which makes the correlation structure based on copula function reflect the correlation under strict monotone transformation. This characteristic makes copula functions be able to reflect not only linear and symmetric correlations but also nonlinear and asymmetric correlations between variables and have more extensively applicable scope.
Related measures of copula functions mainly include Kendall's rank correlation coefficient τ , Spearman's rank correlation coefficient ρ, and tail correlation coefficient λ up and λ lo . Correlation coefficient mentioned above can be calculated via the following equation:
where C (u, v) is a two-dimensional copula function. Since situations that both wind farms having no output or generating rated power at the same time have the greatest impact on the power grid, these two types of situation gain more concern in the research when exploring risks brought about by wind integration to power gird. Hence, it is also necessary to observe the correlation in two extreme situations through the tail correlation coefficient.
In this paper, Euclidean distance criterion, Kendall index, Spearman index and Akaike information criterion (AIC) are used to evaluate the models. However, when several indices are employed at the same time, they may not conclude a unique suggestion for the selection of copula. As a result, it is difficult to select the optimal model clearly.
A two-stage filtration method is proposed to help evaluate copulas in this paper. First, Euclidean, Kendall index, Spearman index and AIC are involved and calculated. For each measure criteria, the worst or best value is given a ''×'' or a '' √ '' to its corresponding copula model, respectively, and the value that takes the second place is given a '' ''. Any copula model with a ''×'' is dropped. Secondly, the upper tail, lower tail and symmetry feature of the best two models are calculated and examined from a graphical view. Finally, the final optimal copula model selection can be safely concluded.
C. MIXED COPULA FUNCTION AND ITS PARAMETER ESTIMATION
Due to the different characteristics of different types of copula function, the ability to describe asymmetric correlation, upper and lower tails is also different. Using only one type of copula function sometimes is not a practical way to describe the correlation structure, especially when the correlation of variables has apparent upper and lower tails at the same time. Mixed copula can be prospectively employed to highlight the comprehensive characteristics of correlation.
Archimedean copula is a group of copula with good properties, including Gumbel copula and Clayton copula with good ability to describe asymmetric correlation, upper-tail and lower-tail characteristics, respectively, and Frank copula that can describe negative and symmetric correlation between variables. The cumulative distribution functions of VOLUME 6, 2018 the three types of Archimedean copula are expressed as below, respectively:
where C Cl , C Gu , and C Fr represent Clayton copula function, Gumbel copula function and Frank copula function, respectively, θ Cl , θ Gu , and θ Fr are the parameters of different copula, respectively; (u, v) ∈ [0, 1] 2 , and in this paper, u and v are simplified form of marginal cumulative distribution function F 1 (x 1 ) and F 2 (x 2 ), respectively.
The above three copula functions are used synthetically to form a mixed copula to study wind power correlation characteristics using three different datasets in this paper. The mixed copula based on Archimedean copulas can be expressed as (10) where ω Cl , ω Gu and ω Fr are weight parameters of Clayton, Gumbel, and Frank copula function, respectively, satisfying
From (10) , there are 6 parameters to be evaluated including 3 weight coefficients and 3 Archimedean copula's parameters in the mixed copula. It is complicated to estimate 6 unknown parameters through maximum likelihood estimation (MLE), so expectation maximization (EM) method is prospectively involved for parameter estimation.
IV. CASE STUDY
In this study, wind speed data and its corresponding actual power output data from two geographically close wind farms in North China in July 2011 is used. The number of data sample for each data type is 10000, respectively. The three datasets are collected with the same time stamp from the same two wind farms.
A. MODELING AND PARAMETER ESTIMATION OF COPULA FUNCTION 1) CALCULATION OF RELATED MEASURES
The scatter plots in Fig.3 used the same dataset with the case study, it intuitively shows the correlation of the three data types from two adjacent wind farms. Pearson coefficient, Kendall coefficient, and Spearman coefficient are used to measure data relevance. Table 1 gives the quantitative comparison of the correlation using three types of dataset. Obviously, the wind speed dataset displays a substantial correlation, while the actual wind power dataset has the weakest correlation. 
2) PARAMETER ESTIMATION OF MIXED COPULA
Mixed-copula based wind farm correlation analysis mainly consists of 2 steps: a) Determine the marginal distribution of wind speed (or wind power) from single wind farm. Plot the joint frequency histogram of distributed marginal values. b) Use mixed-copula function to fit the correlation between marginal distributions. The goal of this step is to determine the weights and parameters for each copula through EM method. In Fig.3(a) , the marginal distribution of wind speed data can be described by Weibull distribution with two parameters, but the marginal distributions in Fig.3(b) and Fig.3 (c) are difficult to describe using a simple distribution function. For subsequent analysis and comparison purpose, a nonparametric method to construct the marginal distribution is adopted in this paper. 4 shows the binary frequency histogram obtained by using the empirical distribution to describe the marginal function and can reach the following conclusions: a) From Fig.4(a) , it can be observed that the correlation structure based on wind speed is basically symmetric, and shows significant upper and lower tail correlation. In addition, the upper-tail correlation is slightly stronger than the lower-tail correlation. b) Fig.4(b) is based on calculated wind power dataset by (1) . Since the wind speed below the cut-in value and above the rated value cause the wind power output to be 0 or the rated power, respectively, calculated wind power correlation structure has more pronounced upper and lower tail. c) Fig.4(c) is plotted using actual active power dataset, it shows the actual correlation between wind farms in a certain period. Compared with Fig.4(a) and Fig.4(b) , Fig.4 (c) are more dispersed, and the overall histogram is shorter. In addition, besides data points concentrated on the upper and lower tails, there are a number of points concentrated near the two coordinate axes, that means only one of the wind farms was generating while the other one is out of service. Table 2 shows the optimal weights and parameters established by EM algorithm according to different types of dataset based on mixed copula established by Clayton, Gumbel, and Frank copula from (10) . It can be found from the mixed copula evaluation that: a) Different dataset resulted in different correlation of wind farms. Mixed copula based on wind speed shows strong upper tail characteristic since Gumbel copula contributes the heaviest weight, mixed copula based on calculated wind power shows upper tail and asymmetry characteristics since Gumbel copula and Frank copula apportion the weights, and mixed copula based on actual wind power only shows asymmetry characteristic since Frank copula has the heaviest weight. b) In this case study, based on mixed copula, the upper tail characteristic indicated by wind speed and the asymmetry characteristic highlighted by actual wind power are both revealed by calculated wind power. It is prudentially to conclude that, when actual wind power is difficult to obtain, correlation analysis based on calculated wind power can provide more reliable reference for practice than wind speed, and may show conservative evaluation on upper tail to some degree. Mixed copula is used in this part to analyze the correlation of wind farms for all the data types. To make sure mixed copula can provide credible conclusion, it is necessary to carry out copula modeling verification for different data types.
B. COPULA MODELING ANALYSIS OF DIFFERENT DATASETS
Five types of commonly used copula are considered for copula modeling for the three data types, respectively. They are normal copula, t copula, Clayton copula, Gumbel copula and Frank copula. In this part, the proposed two-stage filtration method is applied and mixed copula is verified.
1) COPULA MODELING ANALYSIS BASED ON WIND SPEED DATASET
In the first stage of the two-stage filtration method, it concludes that Gumbel copula is most suitable for describing the correlation among five commonly used single copula based on the four indices from Table 3 , however, mixed copula performs even better, since it gets the most '' '' and '' √ ''. So, the figure of Gumbel copula is compared with the figure of mixed copula in the second stage of the proposed method. From Fig.5 , it is difficult to figure out which is better because the correlation using Gumbel copula can already describe weaker lower tail and stronger upper tail of dependency structure as mixed copula. This reflected in the mixed copula in Table 2 based on wind speed dataset that Gumbel plays the heaviest weight. Overall, mixed copula outperforms all of the single copulas based on comprehensive criteria estimation. 
2) COPULA MODELING ANALYSIS BASED ON CALCULATED WIND POWER DATASET
Based on calculated wind power dataset, Table 4 shows that Frank copula performs best among all other single copulas and mixed copula performs even better by comprehensive parameter comparison. From graphical analysis, Fig.6(a) cannot well express either lower or upper tail correlation, while mixed copula can.
This comparison answered why Frank copula plays the heaviest weight in mixed copula based on calculated wind VOLUME 6, 2018 power dataset in Table 2 , at the same time, since single copula is not able to describe hybrid characteristics of correlation, mixed copula turns out to be the best and most favorable choice for correlation analysis.
3) COPULA MODELING ANALYSIS BASED ON ACTUAL WIND POWER DATASET
Frank copula outperforms from single copulas in Table 5 , while it takes the heaviest weight in mixed copula in Table 2 based on actual wind power dataset. At the second step of model filtration process, the tail feature of Frank copula and mixed copula are examined as shown in Fig.7 . Both of them are weak to reflect the lower tail correlation suggested in Fig.4(c) . Comparatively, mixed copula is best since it has the 0.1296 weight of Clayton which contribute the lower tail coefficient λ lo = 0.1241. However, the fitting effect is far worse than that of the other two date types through the comparison of Euclidean criterion of mixed copula. Copula function is weak to describe correlation based on actual active power dataset.
In order to figure out the reason of bad fitting effect, details needed to be observed. a) The frequency histogram based on actual wind power dataset, as shown in Fig.4(c) , is shorter than that based on the other two datasets, and the data points are more dispersed. b) Fig.8 has a thicker lower tail and a less pronounced upper tail. Because of wind curtailment, a large amount of data that should originally been distributed near the upper tail now become smaller and distributed in the middle part, lower tail, and marginal areas. c) The amount of wind curtailment and power dispatch strategy are main causes of the significant changes in wind farm output.
4) VERIFICATION ANALYSIS OF MIXED COPULA APPLICATION
From the copula modeling selection analysis above, some conclusions can be drawn as follows: a) It is safe to conclude that mixed copula shows best in describing the correlation structure for all the 3 different datasets.
b) Correlation analysis using wind speed and calculated wind power based on mixed copula is evident, while using actual wind power dataset cannot reflect the correlation of wind farms very well mainly because of equipment maintenance and wind curtailment. To make good use of the correlation effect of wind farms, such as to make better guide to power system operation and dispatch, it is meaningful to establish a more practical correlation structure.
C. FURTHER ANALYSIS OF CORRELATION STRUCTURE CONSIDERING PRACTICAL OPERATION
From the above analysis, the correlation based on actual wind power dataset by mixed copula is weaker than that of calculated wind power dataset although some considerations are applied in Section II for calculated wind power dataset. Therefore, when actual wind power dataset is not available, the correlation study based on calculated wind power should take into account the practical conditions, such as to provide better reference of power system operation.
As a result, in this sub-section, the practical condition is combined to the calculated wind power dataset to better evaluate the correlation for wind farms in practice. After examination of actual wind power dataset, the practical conditions are summarized, and the correlation research based on the calculated wind power dataset with practical adjustment is further explored. Fig.2 shows a 72-hour time series of actual wind power of the two wind farms. In the first 40 hours, wind farm 2 is completely out of service while wind farm 1 has the priority to generate power. After that, both wind farms have the same trend as their calculated power output curve, respectively. According to Fig.2 , two extreme ways of wind power dispatch strategy based on historical actual wind power are examined: a) both wind farms generate wind power in strict proportion (Case A) by (11) , and b) one of the wind farms (say, wind farm 2) has the priority to generate power (Case B).
1) EXAMINATION OF ACTUAL WIND POWER DATASET
where P act1 (P act2 ) represents actual power output of wind farm 1 (wind farm 2); respectively;P cal1 (P cal2 ) is calculated power output of wind farm 1 (wind farm 2); P i (i = 1,2) represents power output of wind farm i under strictly proportional wind dispatch. Fig.9 shows the results under the two extreme ways of wind dispatch. In Fig.9(a) , strictly proportional wind dispatch strategy makes the data concentrate on diagonal section, and this type of wind dispatch shows strong correlation of wind farms, parameters of mixed copula correlation structure is shown in Table 6 . The preferential use of wind power from wind farm 2, as shown in Fig.9(b) , makes a large number of data points concentrate on the axes, and this type of dispatch is the main cause of weakening the correlation of wind farms. The two extreme dispatch strategy indicate two factors in practical conditions: a) Wind dispatch cannot promise strictly proportional generation in practice, so Case A overestimate the output correlation of wind farms. b) Wind dispatch of Case B is one of the reason that weak the actual output correlation and this condition should not be neglected.
2) IMPROVED CORRELATION ANALYSIS CONSIDERING THE PRACTICAL CONDITIONS
To make better use of the intrinsic wind resource and take into account the practical conditions in power systems, the calculated wind power is adjusted based on practical condition, and the correlation analysis is carried out with the intention of providing confidential reference for power system operation and plan.
The power output ratios of two wind farms under different wind speed is analyzed as shown in Fig.10 . Power output ratio of wind farm 1 can be calcualted by R 1 in (12):
Points on the upper edges of Fig.10 represent the situation that one of the wind farms has the priority to generate power. By observing the upper edges of Fig.10(a) and Fig.10(b),   FIGURE 10 . Scatter diagram of power output ratio under different wind speed. VOLUME 6, 2018 it can be found that under Case B dispatch strategy, wind farm 1 is dispatched priorer than wind farm 2. However, under united power generation strategy, when wind speed is below 10m/s, power from wind farm 2 is more likely to be used. In addition, when wind speed is over 10m/s, two wind farms trend to be both dispatched and each take almost half of the required demand, while wind farm 2 takes a little more for most of the time.
In this paper, empirical power dispatch strategy (Case C) is carried out. The value of R 1 is calculated based on actual wind power using (12) , for each wind speed interval of 1m/s, in each 10% range of output ratio, the number of R 1 is counted, the occurrence probability is caculated and the average value is used as its typical value. Then for every wind speed interval, the calculated wind power data is statistically adjusted by 10 compents of typical wind power output ratios. Table 6 shows the correlation structure based on adjusted calculated wind power dataset using mixed copula, and the binary frequency histogram and its mixed copula model are shown in Fig.11 . 
3) COMPARISON OF CORRELATION STRUCTURE UNDER STRICTLY PROPORTIONAL AND EMPIRICAL POWER DISTRIBUTION STRATEGY
Based on mixed copula theory, Table 6 shows parameters estimation results of Case A and Case C by EM method. To make the comparison clear, the parameter estimation results based on calculated wind power and actual wind power are listed again.
From Table 6 , Case C shows the confidential correlation of wind farms with practical condition considerations. The weight of Clayton copula in Table 6 and λ lo in Table 7 shows that Case C can dipict the lower tail effect with a proper weight, which is more significant than that of calculated wind power datset, and more conservative than that of Case A.
In addition, the Euclidean distance from Case C is smaller than that of Case A and Calculated wind power dataset and λ up from Case C is near to the characteristics revealed by actual wind power dataset. Overall, study results show Case C indicates a promising copula correlation.
V. CONCLUSION
This paper analyzes and compares the correlation structure between two geographically distributed wind farms using three types of datasets based on mixed copula, and the correlation research based on the calculated wind power dataset with practical adjustment is further explored. Finally, the following conclusions can be safely reached: a) There are consistency in the trend of wind speed, calculated wind power, and actual wind power from the two geographically close wind farms. However, because of nonlinearity relationship, wind curtailment, and practical dispatch conditions, different datasets lead to different correlation conclusions. b) Wind speed data has the strongest correlation for two geographically close wind farms, while actual wind power data result to the weakest correlation. c) Mixed copula behaves better than single copula, and it can improve the description of the correlation structure for all three data types with the proposed two-stage filtration method. As a result, the correlation comparison among the three data types is confidential based on mixed copula analysis. d) Based on the actual wind power dataset, the practical wind dispatch strategy is examined, and practical conditions are summarized and further applied to calculated wind power dataset. Correlation study based on the adjusted calculated wind power dataset shows it can provide confidential and practical results that is verge to actual condition, such as to further help provide reference for scenario divisions in power system operation with large-scale wind power integration.
